Many theories have been proposed attempting to explain the origin of the genetic code.
To analyse the optimality of the standard genetic code, we use the following performance 1 0 3 parameters: robustness to frame-shift and point mutations; and the ability to encode 1 0 4 additional information in the coding region of the genome of Escherichia coli (str. K 12 1 0 5 substr. DH10B chromosome) (E. coli). The length of the genome is 4.6 million bases (18). 1 0 6
Computations and analyses were done using Perl and Python. To compare the performance of the standard genetic code against other possible genetic 1 1 0 codes, random genetic codes were generated using Perl. The randomly generated codes 1 1 1 were designed based on three criterion as follows. Within each criteria, 10,000 codes were 1 1 2 generated randomly. 1 1 3 1 1 4
Random Codes 1 (RC1). 10,000 genetic codes were generated by random allocation of 1 1 5 codons to amino acids while ensuring that the number of codons allotted to each amino acid 1 1 6 (and stop signal) is the same as that in the standard genetic code. 1 1 7 1 1 8
Random Codes 2 (RC2) In this case, 10,000 genetic codes which satisfy the following two 1 1 9
properties were generated. First, as in RC1, the number of codons allotted to each amino 1 2 0 acid was same as that in standard genetic code. Second, codon allocation was done in a 1 2 1 semi-random manner, where only codons which correspond to polar amino acids in the 1 2 2 standard genetic code were re-allocated between polar amino acids (and codons 1 2 3 corresponding to non-polar amino acids were re-allotted to non-polar amino acids only). This 1 2 4 was done to ensure that the localized structure of biochemical properties in the genetic code 1 2 5 is preserved. In this set, the codons corresponding to the stop codons were kept the same 1 2 6 as that in standard genetic code. 1 2 7 7 1 2 8
Random Codes 3 (RC3) An identifying feature of the standard genetic code is its "block 1 2 9 structure" where all codons allocated to an amino acid occur as a "block". To preserve this 1 3 0 structure, 10,000 genetic codes were generated ensuring that this structure of the standard 1 3 1 genetic code is preserved. For allocation of stop codons, it was ensured that two of the three 1 3 2 stop codons differ only in the third position, and that the third stop codon differs in the 1 3 3 second position (just as in the standard genetic code). To generate genetic codes with performance better than that of standard genetic code, we 1 3 7
implemented a genetic algorithm with three separate fitness functions. The fitness functions 1 3 8 namely optimized the point mutational robustness, frameshift robustness, and ability to 1 3 9 encode parallel information, in the genetic code. In this algorithm, we started with a 1 4 0 population of nineteen randomly generated codes, and the standard genetic code to kick-1 4 1 start the evolution. The population size was maintained constant at 20. In each generation of 1 4 2 the simulation, genetic codes were mutated, recombined, scored for their fitness and the 1 4 3 fitter codes were selected for the next generation. The probability of a mutation was defined 1 4 4 as the chance that a codon assigned to an amino acid is re-assigned to another amino acid 1 4 5 chosen randomly. This value was taken to be 0.05. The mutation rate was set at 0.1, 1 4 6 meaning approximately two codes undergo mutation every generation on average. The 64 1 4 7 codons in the genetic code were numbered from 1 to 64. Recombination between the two 1 4 8 codes was defined at codon number X, such that all codons with numbers less than X are 1 4 9 taken from code I, and all codons from numbers X to 64 are taken from code II. Two codes 1 5 0 were chosen and recombined randomly in each generation. After mutation and 1 5 1 recombination, the viability (that all 20 amino acids and stop signal were represented in the 1 5 2 code) of the new "evolved" codes was verified. The new genetic codes were then scored 1 5 3 based on fitness scoring as follows, and the fitter ones were selected to the next generation, 1 5 4 based on roulette wheel sampling. Amino acids were grouped based on their biochemical property into: 1 6 0
• Non-Polar: glycine (Gly), alanine (Ala), valine (Val), leucine (Leu), isoleucine (Ile), 1 6 1 proline (Pro), phenylalanine (Phe), methionine (Met), and tryptophan (Trp). 1 6 2
• Polar-uncharged: serine (Ser), threonine (Thr), cysteine (Cys), asparagine (Asn), 1 6 3 glutamine (Gln), and tyrosine (Tyr). 1 6 4
• Acidic: aspartate (Asp) and glutamate (Glu). 1 6 5
• Basic: arginine (Arg), lysine (Lys), and histidine (His) 1 6 6 1 6 7 Point mutational scoring system takes into account (a) biochemical property of amino acids, 1 6 8 and (b) relative sizes of amino acids. Every point mutation belongs to one of the following 1 6 9 three: (a) silent -no change in amino acid, (b) conservative -amino acid mutates to a 1 7 0 biochemically similar amino acid, and (c) non-conservative. A scoring system for each code 1 7 1 was implemented for each of the 576 mutations -each codon mutated 9 possible times. If a 1 7 2 mutation belonged to (a) one point was awarded, if it belonged to (b) 0.5 was awarded, and 1 7 3 no points were awarded for (c). Additionally, amino acids were ranked from smallest to 1 7 4 largest amino acid by size (using molecular weight as proxy). The fraction of size conserved, 1 7 5 or fraction of size changed subtracted from unity, was also added to the score of a codon. 1 7 6
This was done only for cases excluding the stop codon. The biochemical property and amino 1 7 7 acid sizes were given equal weights. The cumulative score is the score of a genetic code. All 1 7 8 generated genetic codes were scored similarly. Second, to search for codes better at frame-shift robustness an altered genetic algorithm 1 8 2 was devised. A fitness function was implemented which quantifies the probability with which 1 8 3 a faulty peptide translation will be terminated, taking into account the amino acid frequencies 1 8 4 of E.coli. 1 8 5 1 8 6
We calculate the theoretical probability of encountering a stop in a misread frame, by using 1 8 7 di-codon sequences (9). We consider all 61x61 combinations of codons, excluding the three positions. Probability of a di-codon sequence is calculated as follows. A codon C coding for 1 9 3 an amino acid A, occurs with a probability of frequency(A)/(Number of synonymous codons 1 9 4 of A). Probability of a di-codon is product of probabilities of the two codons. Here, we 1 9 5 assume uniform codon-usage for ease of calculations, without compromising on the 1 9 6 accuracy of the scoring systems. 1 9 7 1 9 8 Parallel coding ability: 1 9 9
Here we calculate the probability of encoding N-base sequences in the coding regions of 2 0 0 E.coli (9). We considered a value of five for N in this work. We take the fitness score of a 2 0 1 code as the probability to encode its top 20% most difficult N-base sequences or N-mers (for 2 0 2 N=5). Probability of each 5-mer is the combined probability with which it can be incorporated 2 0 3 in three reading frames -correct Open Reading Frame, insertion, and deletion reading 2 0 4 frames. In each frame, probability of a 5-mer is the sum of probabilities of all possible 2 0 5 codons with which it can occur (See above for probability of codon occurrence). The standard genetic code is nearly optimal at minimizing point mutational errors. 2 0 9
To start the analysis, we generated 30,000 genetic codes (10,000 each belonging to the 2 1 0 group RC1, RC2, and RC3), and analyzed their performance by a point mutational scoring 2 1 1 system (see methods section for more details on details of RC1, RC2, and RC3 codes; and 2 1 2 the scoring system used). From our analysis, we note that upon introduction of a point 2 1 3 mutation, the standard genetic code leads to minimum number of cases, where an amino 2 1 4 acid is maximally replaced with another one. As shown in Table 1 , a majority of the times, an 2 1 5 amino acid is replaced by itself, after a point mutation. In addition, even if a point mutation 2 1 6 was to lead to a change in the amino acid, the standard genetic code leads to maximal 2 1 7 replacements such that the biochemical properties of the amino acid are conserved. Among 2 1 8 the 30,000 codes we tested in this section only 38 genetic codes outperformed the standard 2 1 9 code with respect to their resistance to change in amino acids as a result of point mutations.
0
This indicates that the standard genetic code is nearly optimal for minimizing the point 2 2 1 mutational errors. Next we compared the performance of the 30,000 genetic codes with that of the standard 2 2 5 genetic code at minimizing frameshift errors. The genetic codes were scored by introduction 2 2 6 of a frameshift mutation, and noting the number of amino acids that are added to the faulty 2 2 7 peptide chain before the ribosome encounters a stop codon. The score is inversely 2 2 8
proportional to the length of this peptide chain. In our analysis, we note that of the 30,000 2 2 9 codes tested only 84 outperformed the standard genetic code (2 in RC1, 2 in RC3, and 80 in 2 3 0 RC3). This corresponds to the standard genetic code outperforming 99.72% of all codes in 2 3 1 the three groups at frameshift error minimization. In a previous work (9), the ability of the standard genetic code to be nearly optimal at 2 3 4 frameshift robustness was attributed to the allocation of stop codons. Upon generating all 2 3 5 genetic codes with three stop codons (but with the wobble constraint), we note that the 2 3 6 standard genetic code is nearly optimal among 5472 codes (including the standard genetic 2 3 7 code) generated this way. In this analysis, 61 of all the codes outperformed the standard 2 3 8 genetic code at frameshift robustness. 2 3 9 2 4 0
In the same work, Alon and coworkers show that the standard genetic code is also optimal 2 4 1 for encoding additional information in the coding regions of the genomes. This additional 2 4 2 information is thought to include: (a) binding sites for regulatory proteins that bind coding 2 4 3 region (10-12, 19); (b) DNA and mRNA binding proteins (20); (c) histones binding sites (21-2 4 4 23); (d) Splicing signals (24); and (e) mRNA secondary structure signals (13) (14) (15) 25) . Testing 2 4 5 the ability of the standard genetic code to encode additional information in the coding 2 4 6 sequence and its robustness to frameshift mutation against all 5472 codes, we note that the 2 4 7 standard genetic code is nearly optimal for these two features (Figure 1) . Here, the addition 2 4 8 information encoding ability is quantified as the average probability of encoding an N-base 2 4 9 sequence (N=6 and averaged over all 4^6 = 4096 sequences). The proteome considered, 2 5 0 was average amino acid frequencies from 134 organisms as previously reported. 2 5 1 2 5 2 However, we note that the standard genetic code is average at encoding additional 2 5 3 information in the coding sequences, when the ease of a genetic code to encode the most 2 5 4 difficult X-percent of the N-mers in the coding region is analyzed. We note that for both N = 5 2 5 5 and N = 6, the standard genetic code performs around the average for the most difficult 5% 2 5 6 N-mers, among the 5472 codes (Figure 2) . These results hold independent of the choice of 2 5 7 "most difficult X%", as shown in Figure Supplement 
